Abstract. Spatially homogeneous regular mosaics are image textures formed as a tiling, each tile replicating the same texel. Assuming that the tiles have no relative geometric distortions, the orientation and size of a rectangular texel can be estimated from a model-based interaction map (MBIM) derived from the Gibbs random field model of the texture. The MBIM specifies the structure of pairwise pixel interactions in a given training sample. The estimated texel allows us to quickly simulate a large-size prototype of the mosaic.
Introduction
Image texture is usually thought of as being formed by spatial replication of certain pixel neighbourhoods called texels [6] . Replicas of each texel may differ providing their visual similarity is not effected. We restrict our consideration to a limited number of regular textures such as translation invariant tilings, or mosaics formed with a single rectangular texel. The texel-based description holds considerable promise for fast simulation of large-size samples of these textures.
A significant advance in realistic texture simulation has been made recently by approximating particular pixel neighbourhoods of a given training sample with the neighbourhoods of the simulated image [2, 3, 4, 5, 7, 9, 10, 11] . The chosen neighbourhoods preserve the deterministic spatial structure of signal interactions in the training sample. The approximation extrapolates the training structure to images of other size and provides random deviations from the training sample.
In most cases the pixel neighbourhoods are implicitly accounted for by using certain spatial features of a multi-resolution image representation, e.g. the top-to-bottom signal vectors along a Laplacian or steerable wavelet image pyramid [2, 10] , or the explicit neighbourhoods such as squares 7 × 7 pixels are chosen in a heuristic way to take account of conditional relative frequency distributions of the multi-resolution signals over these small close-range neighbourhoods [9] . The explicit heuristic neighbourhoods are used also in the non-parametric texture sampling [3, 7] where each new pixel or small rectangular patch is chosen equiprobably from the pixels or patches having closely similar neighbourhoods in the training sample or in the already simulated part of the goal image. The most characteristic explicit pixel neighbourhood describing a single-resolution texture is analytically estimated for the Gibbs random field models with multiple pairwise pixel interactions [4, 5, 11] .
Although these techniques are efficient in simulating different natural textures, most of them involve too considerable amounts of computations per pixel to form large-size samples of the texture. The patch-based non-parametric sampling [7] is much faster than other approaches but the quality of simulation depends on the heuristic choice of the patches and their neighbourhoods.
In this paper we consider possibilities of estimating texels for certain regular mosaics using the explicit spatial structure of multiple pairwise pixel interactions in the Gibbs random field model found for the training sample. Then the largesize prototypes of the mosaic can be obtained very fast by replicating the texel.
Model-Based Interaction Maps and Texels
Let g : R → Q where R and Q denote an arithmetic lattice and a finite set of image signals, respectively, be a digital image. Let the set A of inter-pixel shifts specify a translation invariant neighbourhood N i,A = {(i + a) : a ∈ A} of each pixel i ∈ R. As shown in [4] , the approximate partial Gibbs energy E a,0 (ĝ) of interactions over the family of the similar pixel pairs C a = {(i, i+a) : i ∈ R} in a given training sampleĝ is easily obtained from the relative frequency distribution
The interactions specified by a large search set W of the inter-pixel shifts a can be ranked by their partial energies, and the characteristic interaction structure A is estimated by a parallel or sequential selection of the top-rank energies [4, 5, 11] . Figure 1 shows training samples 128 × 128 of the natural image textures from [1, 8] and the scaled images 81 × 81 of their model-based interaction maps (MBIM) E(ĝ) = {E a,0 (ĝ) : a ∈ W} showing the structure of pairwise pixel interactions. Every spatial position a ≡ (x, y) of the depicted MBIM indicates the partial interaction energy E a,0 (ĝ) for the inter-pixel shift a ∈ W, the diametrically opposite shifts (x, y) and (−x, −y) representing the same family C a . In these examples the set W contains all the relative inter-pixel x-and y-shifts in the range [−40, 40] specifying |W| = 3280 families of the pixel pairs. By the chosen greyscale coding, the larger the energy, the darker the dot.
As is easy to see in Fig. 1 , the MBIMs reflect to a large extent the repetitive pattern of each texture. Replicate spatial clusters of the larger Gibbs energies indicate periodic parts of the texture, and relative positions of and pitches between the clusters relate to the overall rectangular or hexagonal shapes, spatial arrangement, and orientation of the parts. The choice of a single texel is not unique because the same MBIM defines many equivalent periodic partitions with different biases with respect to the lattice. 
Fig. 2. Estimated partitions of the training samples
Generally it is difficult to derive a minimum-size texel from the repetitive pattern of the MBIM because some of the energy clusters may arise from the periodic fine details of the texel itself or from the secondary interactions between the distant similar parts. The shape and scale of the tiles representing the single texel as well as their photometric characteristics may also vary for different training samples and even within the same sample (e.g. D55, D95, D101, or Fabrics0008 in Fig. 1 ).
For simplicity, our consideration is restricted to only a rectangular texel with an arbitrary but fixed orientation and size. The central cluster of the most energetic close-range interactions in the MBIMs relates mainly to a uniform background of the image. But a repetitive pattern of the peripheral clusters (if it exists) is produced by the characteristic long-range similarities between the pixel pairs so that a single texel can be in principle estimated from the clearly defined peripheral energy clusters placed around of and closest to the central cluster. Figure 2 demonstrates partitions of the training samples where each rectangular tile represents the texel. The partitions are estimated using a simplified heuristic approach that determines spatial clusters of the Gibbs energies by thresholding the MBIM with the threshold E * =Ē + c · σ E where c is an empiri- cally chosen factor andĒ and σ E denote the mean value and standard deviation of the energies E(ĝ), respectively. If the MBIM has no peripheral clusters in addition to the central cluster around the origin a = (0, 0), then the texture is aperiodic and has no single texel. Otherwise each peripheral cluster is described by its maximum energy and the inter-pixel shift yielding the maximum. Two clusters with the largest energy and with the second largest energy that is not occluded by the first one from the origin of the MBIM are selected to estimate the texel. The orientation is given by the smallest angular inter-pixel shift with respect to the x-axis of the MBIM. The size is found by projecting both inter-pixel shifts for the clusters to the Cartesian axes of the texel. Table 1 gives parameters of the texels and partitions in Fig. 2 . Changes of the thresholding factor c in the range 1 ≤ c ≤ 3 yield quite similar results for most of the textures used in the experiments.
This approach gives sufficiently accurate and stable estimates of the orientation angle for the rectangular and hexagonal patterns of the energy clusters in the above MBIMs. The estimates can be further refined by processing linear chains of the repetitive clusters, e.g. by finding the least scattered projections of the chains onto the coordinate axes. But the refined estimates are less stable for the hexagonal structures of the MBIMs such as for the textures D34 or D65. Generally the MBIM should be processed more in detail for finding adequate shapes, sizes, and orientations of the texels. Our approach shows only a feasibility of relating the texels to spatial periodicity of the energy clusters in the MBIMs. Figures 3 -5 show the simulated prototypes of the size 800 × 170 pixels, each prototype being obtained by replicating a single tile picked arbitrarily from the partitions in Fig. 2 . Of course, the singularities of the chosen tile are replicated verbatim. But all the tiles in the partition of the training sample can be jointly processed to exclude their relative distortions and produce an idealised texel. The texture prototype can easily be converted into a realistic sample by mutually agreed random photometric and geometric transformations of the adjacent tiles.
Concluding Remarks
Our experiments show that the orientation and size of a rectangular texel can be estimated from the structure of pairwise pixel interactions reflected in the MBIMs. Each tile obtained by partitioning the training sample can act as a provisional texel. But to obtain the ideal texel, the tiles should be jointly processed in order to exclude their geometric and photometric distortions. Replication of the texel forms a prototype of the texture.
The texel-based description is not adequate for all irregular (stochastic) textures with the MBIMs containing no repetitive peripheral energy clusters. But this description is practicable for many translation invariant regular mosaics. Because of computational simplicity of the texel estimation, the simulation of the large-size prototypes of such mosaics is considerably accelerated.
